An important, yet unsettled, question in public health policy is the extent to which unemployment causally impacts mental health. The recent literature yields varying findings, which are likely due to differences in data, methods, samples, and institutional settings. Taking a more general approach, we provide comparable evidence for four countries with different institutional settings-Australia, Germany, the UK, and the United States-using a nonparametric bounds analysis. Relying on fairly weak and partially testable assumptions, our paper shows that unemployment has a significant negative effect on mental health in all countries. Our results rule out effects larger than a quarter of a standard deviation for Germany and half a standard deviation for the Anglo-Saxon countries. The effect is significant for both men and women and materialises already for short periods of unemployment. Public policy should hence focus on early prevention of mental health problems among the unemployed.
data to estimate fixed effects (FE) models that account for time-invariant heterogeneity (e.g., Björklund, 1985; Clark et al., 2001; Green, 2011) . The second strategy explores (arguably) exogenous variation in employment from plant closures, mass lay-offs, and other firm-level employment reductions (e.g., Browning & Heinesen, 2012; Eliason & Storrie, 2009a : Kuhn et al., 2009 Marcus, 2013) . Most studies within this framework use matching techniques to make displaced and non-displaced workers comparable. Combining the two approaches, some studies include an interaction term of unemployment status with a plant closure within a FE design (e.g., Drydakis, 2015; Schmitz, 2011) .
At first glance, the results seem inconclusive. For example, whereas several FE analyses confirm that unemployment is associated with deteriorating mental health (e.g., Clark et al. (2001) for Germany, Green (2011) for Australia, Drydakis (2015) for Greece, and Schaller and Stevens (2015) for the United States), other authors document statistically insignificant coefficients from FE regressions (e.g., Schmitz (2011) for Germany). Similarly, among studies that explore various employment reductions as sources of exogenous variation, the estimates range from clear negative effects (e.g., Browning and Heinesen (2012) for Denmark and Marcus (2013) for Germany) to statistically insignificant results (e.g., Salm (2009) for the United States).
However, most of the null results seem to come from a lack of power rather than the absence of an effect. Already the early FE analysis by Björklund (1985) recognises that small treatment groups often lead to large standard errors when estimating the effect of unemployment on mental health. In contrast, based on a fairly small number of individuals affected by a business closure, Salm (2009) concludes that there is no causal effect of job loss on mental health in the United States. However, the estimates are imprecise, and the study further lacks generalisability because it uses the Health and Retirement Survey that covers only older workers. Exploring more representative and richer data from the Medical Expenditure Panel Survey, Schaller and Stevens (2015) document that involuntary job loss significantly impairs mental health. The interpretation problem related to imprecise zero estimates arises also in the study by Schmitz (2011) . He argues that the significant correlation between unemployment and mental health disappears after accounting for the endogeneity of unemployment. However, his study is also limited by a small number of job losses from plant closures, which fails to generate sufficient power within a FE design. In comparison, using the same data from the German Socio-Economic Panel, Marcus (2013) applies non-parametric matching techniques based on entropy balancing, which burden the data less than FE estimations. Despite small sample sizes, he finds significant decreases in mental health not only for individuals directly affected by plant closures but also for their spouses.
Recent studies using large administrative data generally reach the consensus that job loss has various adverse consequences for mental health. For example, by using Austrian health insurance data, Kuhn et al. (2009) show that unemployment significantly increases expenditures for hospitalizations due to mental health problems and prescriptions of psychotropic drugs for men. They argue that there are no severe consequences for women who might be less economically and emotionally distressed by job loss due to their alternative roles within the family. For Sweden, Eliason and Storrie (2009a ,2009b find increased short-run risk of suicides, alcohol-related mortality, and hospitalizations, and several gender-specific effects: increased deaths from traffic accidents and self-harm among men and inpatient psychiatric hospital admission among women. However, because many of the outcomes are extremely rare events, the gender-specific confidence intervals (CIs) largely overlap. On a larger sample of Danish men, Browning and Heinesen (2012) confirm the short-run effects on suicides. They also find large effects on deaths and hospitalizations due to alcohol-related diseases as well as hospitalisation for mental disorders and deaths from circulatory diseases. 4 Most of these do not vanish up to 20 years after displacement. While not explicitly focusing on mental health, Sullivan and Von Wachter (2009) also find highly persistent increases in overall mortality among mature male workers in Pennsylvania. By using US state-level panel data, Classen and Dunn (2012) confirm that local mass-lay-offs are a significant risk factor for the number of suicides for both men and women. 5 However, in contrast to immediate effects in the Scandinavian studies, Classen and Dunn (2012) argue that the negative effects do not emerge immediately after job loss. Instead, they emphasise the destructive role of prolonged unemployment spells.
METHODOLOGY AND IDENTIFYING ASSUMPTIONS
Our empirical methodology departs from the potential outcomes framework (Rubin, 1974) . Consistent with the standard terminology, let D i denote our binary treatment variable for unemployment of person i, where D i = 1 means unemployment and D i = 0 means employment; let Y denote our mental health outcome variable, where higher values reflect better mental health; and let Y t i denote person i's potential outcome with treatment t, where t takes on the values 0 and 1 as defined for D i . 4 However, the literature consistently establishes no effects on the risk of hospitalizations due to circulatory diseases (Browning & Heinesen, 2012; Browning, Moller Dano, & Heinesen, 2006; Eliason & Storrie, 2009b; Kuhn et al., 2009) . 5 To the best of our knowledge, Classen and Dunn (2012) is the only study that uses aggregate longitudinal instead of individual data. Although aggregating data largely solves the reverse causality concern, it may lead to aggregation bias.
To estimate the ATE,
, we need some identifying assumptions about the counterfactual outcomes
. Given a bounded outcome variable, Manski (1989) proposed using the extrema of the outcome variable as counterfactual outcomes to bound the effect of interest without any further assumptions. Focusing on the potential outcome under unemployment, this method yields the following bounds: 
Although these bounds contain the effect of interest, they are too wide to be informative. In particular, they always include zero. Hence, we need some further, albeit weak, assumptions to tighten these bounds (Manski, 1997; Manski & Pepper, 2000) . First, we impose the monotone treatment selection (MTS) assumption:
which states that the unemployed have worse (or equal) average potential mental health than the employed; this assumption needs to hold irrespective of the realised employment status. Thus, the MTS assumption intuitively says that unemployed individuals are negatively selected. As illustrated in Figure 1 , we can hence replace the unobservable minimum potential outcome under employment with the observed average outcome of the unemployed. The MTS assumption thus lifts the lower bound on the mean potential outcome in unemployment and yields the following bounds for potential mental health in unemployment:
Further, the MTS assumption implies that individuals observed in unemployment would not have better mental health than the individuals observed in employment if both were employed. Thereby, the MTS assumption reduces the upper bound on the mean potential outcome in case of employment E [Y 0 ]. The MTS assumption, however, does not affect the upper bound on the mean potential outcome in unemployment nor the lower bound on potential outcomes in employment. Compared with the worst-case FIGURE 1 Monotone treatment selection bounds bounds, the MTS assumption thus lifts the lower bound on the ATE, that is, the largest negative effect of unemployment on mental health, to the observed mean difference in mental health between employed and unemployed persons. To reduce the upper bound on the ATE, which is unaffected by the MTS assumption, we impose the monotone treatment response (MTR) assumption
which states that potential outcomes are non-increasing for each individual in the treatment, that is, becoming unemployed does not improve mental health. Whereas this assumption may seem more controversial than the MTS assumption, it is consistent with theoretical views of the deteriorative effects of unemployment on mental health. Moreover, the existing empirical evidence essentially rules out any systematic positive effects of unemployment on mental health (see Section 2), thereby making the MTR assumption plausible from an empirical perspective. To further eliminate potential positive short-term effects, we exclude individuals who are unemployed or out-of-the labour force voluntarily, as this assumption may be violated for such individuals.
Combining the MTS and MTR assumptions yields the following bounds for potential mental health in unemployment:
When computing the bounds for the ATE according to equation 1, the MTR assumption reduces the upper bound to zero. Hence, the MTS-MTR bounds range from the observed mean difference in outcomes to zero, and they will only include (weakly) negative treatment effects. Hence, the lower bound is the strongest effect and the upper bound is the weakest effect.
As implied by De Haan (2011), the MTS and MTR assumptions combined require unemployed persons to have worse average mental health than employed persons. We use this necessary condition to empirically test the MTS-MTR assumptions. If unemployed persons have, on average, better mental health than employed persons, we should reject the MTS-MTR assumptions.
To further tighten the bounds on the ATE, we rely on the monotone instrumental variable (MIV) assumption (Manski & Pepper, 2000) , which allows for a weak monotonic (here, increasing) relation between the instrument and the outcome. Formally, we assume that the MIV v satisfies the following:
Intuitively, a feasible MIV resembles a covariate for which we have a strong prior about its sign. In our empirical analysis, we therefore use maternal education as an MIV. Unlike in standard instrumental variable estimation, our identifying assumption does not require mean independence between maternal education and an individual's potential mental health. Rather, the MIV assumption requires that maternal education and an individual's potential mental health are not negatively related, thus allowing for a positive correlation between maternal education and her children's mental health. Importantly, the MIV assumption requires neither causality nor a strictly positive association between education and mental health. Thus, this assumption is considerably weaker than standard instrumental variable assumptions. In our setting, the MIV assumption is not only relatively weak but also plausible. Vast evidence documents positive relationships between education and (mental) health (Cutler & Lleras-Muney, 2006) , and between parental education and children's outcomes (including health) (Currie, 2009) , as well as documenting the intergenerational transmission of education (Holmlund, Lindah & Plug, 2011) . Thus, parental education may directly impact children's mental health (through various parental behaviours) and may indirectly affect mental health through other channels, such as higher family resources or even children's own education. Taken together, the evidence supports our MIV assumption of a non-negative relationship between maternal education and her children's mental health. 6 To tighten the bounds on expected average outcomes using the MIV assumption, we proceed in two steps, which we again illustrate for the potential outcome under unemployment. First, we compute the MTS-MTR bounds for mental health at each value of v. 7 Second, we tighten the bounds at each value of v using the MIV assumption, which states that potential mental health outcomes do not decrease in maternal education. To this end, we compare the MTS-MTR lower bound on mental health in unemployment at a given level of maternal education ( 
Having obtained the bounds for mental health under unemployment and employment, this way, we bound the ATE as in equation 1. Although the MTR and MTS assumptions mechanically tighten the bounds on the ATE, the MIV assumption does not necessarily narrow the bounds. Whether the MIV assumption helps to tighten the bounds depends on the observed outcomes at the various combinations of the MIV and the treatment status. 8 To estimate the MTS-MTR bounds, we rely only on expected values of average outcomes and the share of treated individuals, which we can estimate without bias in finite samples using the sample analogues. To estimate the MTS-MTR-MIV bounds, in contrast, we need minima and maxima over group averages. Although the sample analogues estimate these parameters consistently, the analogues may suffer from finite sample bias, and the resulting MTS-MTR-MIV bounds might hence be too narrow (for details, see further Manski & Pepper, 2000 . To correct the MTS-MTR-MIV bounds for potential finite sample bias, we apply the bias-correction method of Kreider and Pepper (2007) and report both bias-corrected and non-corrected bounds.
The literature seems inconclusive regarding the most appropriate mode of inference. We hence report Imbens and Manski (2004) CIs, Imbens and Manski (2004) bias-corrected CIs, and bias-corrected percentile CIs (Efron & Tibshirani, 1994 ) using 1,000 bootstrap repetitions.
DATA

Data sets and sample selection
We use data from four comparable household surveys: the Household, Income and Labour Dynamics in Australia (HILDA), the British Household Panel Survey, the US Panel Study of Income Dynamics, and the German Socio-Economic Panel. All surveys provide nationally representative information on respondents' socio-demographic, employment, and mental health characteristics. We use all waves for which mental health data are available, that is, -2012 2002 , 2008 1991 for the United States. 9 We impose few restrictions on the samples. We focus on individuals aged 25-55 years, where the upper limit avoids retirement issues and the lower limit ensures that most individuals have completed their educations. We only consider individuals who are either employed or unemployed and looking for work. We therefore exclude individuals who are out of the labour force, for example, discouraged workers or individuals on maternity leave, as well as the self-employed. We also exclude individuals with missing age, employment status, mental health score, or MIV information. 10
Mental health measures
The data sets do not include the same measure of mental health for each country. Hence, we have to employ different screening tools for mental health, namely, the Short-Form General Health Survey (SF-36 and SF-12), the General Health Questionnaire 8 To tighten the bounds further, we could in principle use multi-dimensional instruments as in De Haan (2011); however, the weak monotonicity assumption necessary for identification becomes less convincing when we consider two MIVs, and we therefore do not pursue this approach. 9 Even though the data have a panel structure, our empirical analysis is essentially cross-sectional. Unfortunately, we cannot exploit the panel dimension within a FE framework because the MIV is time invariant. To ensure that treating our panel data like cross-sectional data does not drive our results, we redid our main analysis using only the first observation of each person. Table B .3 shows that we reach the same conclusions. This is unsurprising given that time-varying heterogeneity and reverse causality do not contradict our identifying assumptions. 10 As we use paternal education in a robustness check, we only include observations for which we have information on both parents' level of education. As a further robustness check, Table B .4 shows that our results do not change when we include individuals for whom we have information on maternal education, our main MIV, but not on paternal education. (GHQ-12), and the Kessler Psychological Distress Scale (K6). These different measures do not pose difficulties in our analysis for three reasons. First, each has been shown to be an effective and psychometrically valid measure of mental health. Second, studies that compare these measures typically find that they produce similar, if not identical, results. Finally, we standardise each mental health measure (with mean 0 and SD of 1) to make the different scales comparable, where higher values represent better mental health. 11 For Australia, we use the SF-36 that assesses mental health using a five-item scale that captures both anxiety symptoms and mood disturbances. Numerous studies show that the SF-36 is an effective instrument for identifying mood disorders and major depression (e.g., Rumpf, Meyer, Hapke, & John, 2001) , as well as psychiatric disorders (Ware Jr. & Gandek, 1998) . Moreover, Butterworth and Crosier (2004) examine its psychometric properties and show that the SF-36 meets validity criteria.
For Germany, we use the SF-12 that is a shortened version of the SF-36 (Ware Jr., Kosinski, & Keller, 1996) . Similar to the SF-36, the SF-12 provides a generic measure of mental health, the Mental Health Component Summary, which captures different domains of psychological and psychosocial problems. Many studies show that the SF-12 is a reliable and valid measure of mental health (Gill, Butterworth, Rodgers, & Mackinnon, 2007; Salyers, Bosworth, Swanson, Lamb-Pagone, & Osher, 2000) . Moreover, Gill et al. (2007) shows that the SF-12 performs very well compared to other measures of mental health, including the SF-36.
For the UK, we use the 12-item version of the GHQ. As one of the most widely used measures in mental health research (Gill et al., 2007) , the GHQ-12 assesses depressive symptoms using 12 questions about the respondent's psychological distress symptoms over the past few weeks (Goldberg & Williams, 1988) . Goldberg et al. (1997) provide an overview of studies that demonstrate the validity of the GHQ-12.
For the United States, we use the six-item Kessler Psychological Distress Scale (K6, Kessler et al., 2002) . The K6 was developed to identify non-specific psychological distress and has been shown to be an effective and psychometrically valid screening tool for psychological distress (Cairney, Veldhuizen, Wade, Kurdyak, & Streiner, 2007; Furukawa, Kessler, Slade, & Andrews, 2003) . Furthermore, Gill et al. (2007) show that the K6 performs similarly to the SF-12 in diagnosing depression.
The Australian survey is the only one that provides two measures of mental health. In addition to the SF-36, the HILDA collects information on the K6 in 2008, 2010, and 2012 . In Section 5.2, we show that the results for the SF-36 in our main analysis are robust to the use of the K6. We present the distribution of mental health measures in Figure B .1. Table 1 presents some descriptive statistics for our sample. Panel A shows average mental health scores for unemployed and employed individuals separately. As expected, in all countries, unemployed individuals have on average worse mental health compared with employed individuals. This is a necessary condition to hold for the validity of the MTS-MTR assumptions (De Haan, 2011). As we standardised the dependent variable throughout, we can compare the magnitudes across countries. In Germany, the mental health of unemployed persons is about a third of a SD worse than the mental health of employed workers. By comparison, this difference amounts to more than half a SD in Australia, the UK, and the United States.
Summary statistics
Panel B shows that the distributions of unemployment duration differ markedly across these countries. In particular, Germany exhibits the largest proportion of long-term unemployed workers. Finally, Panel C shows that the distribution of our main MIV, maternal education, differs across countries. Importantly, such differences do not affect the validity of our analysis, though they might affect the width of the estimated bounds. 12
RESULTS
Effect of unemployment on mental health
We start our presentation of results with Figure 2 , which displays estimated bounds-using different identifying assumptions-around the ATE of unemployment on mental health for the four analysed countries. We begin with the unconditional mean difference obtained under the strong exogenous treatment selection (ETS) assumption. 13 This mean difference overestimates the magnitude of the true effect if unemployment does not randomly affect individuals who differ in their mental health score. We then successively impose the MTS, MTR, and MIV assumptions, which do not require exogenous selection in unemployment, to arrive at the final MTS-MTR-MIV bounds. All displayed bounds use maternal education as the MIV. The figure shows how each assumption helps to tighten the worst case bounds considerably, and that the MIV assumption is required to tighten the MTS-MTR bounds below zero. For all countries, the MTS-MTR-MIV bounds exclude zero and the ETS point estimates. Table 2 provides the analogous nonparametric estimates from the MTS-MTR-MIV bounds. We estimate rather similar bounds for the Anglo-Saxon countries: for Australia, the UK, and the United States, we find that unemployment reduces the mental health score by at most 0.408, 0.483, and 0.464 SD, respectively. For Germany, our bounds imply that unemployment on mental health does not decrease mental health by more than 0.188 SD. These effect sizes are of similar magnitude as the association between marital separation and mental health. 14 Columns 5 and 6 report the bias-corrected bounds obtained from the Kreider and Pepper (2007) method. However, a potential finite sample bias has negligible implications for our main findings because the bias-corrected bounds are similar to the non-corrected bounds. For the UK, the upper bound suggests a relatively small effect (although three out of four CIs reject a zero effect). 15 Given the relatively large size of the UK sample, it seems unintuitive that the bounds are relatively large for the UK. A closer inspection of the mental health and maternal education variables reveals that both measures vary least in the UK. In particular, mental health scores are very much concentrated around the mode, and maternal education is in the middle three categories for almost 93% of the observations. Hence, the UK data convey less information than the other data, likely explaining the relative width of the bounds.
12 Table B .1 shows how parental education is classified in the different data sets. Our analysis compares only education levels within countries and the coding therefore needs only to yield a correct ordering within each country, but levels do not have to be strictly equivalent across countries. 13 If we assume that treatment assignment is unrelated to potential outcomes, the observed difference in means between the treated and the untreated yields the ATE. Therefore, we refer to the difference in means also as the estimate under exogenous treatment selection (ETS). 14 We estimate that compared to being married, being separated from a partner is associated with a reduction in mental health of 0.45 in Australia, 0.32 in Germany, 0.38 in the UK, and 0.30 in the United States. All regressions include controls for age and its square, highest level of education, state of residence, marital status, number of children in the household, sex, ethnicity, maternal education, and interview month and year as in Table 7 . 15 To evaluate the propensity of the bias-corrected MTS-MTR-MIV bounds to hit the MTS and MTR constraints, we examine the bootstrap distribution for each estimated bound. For Australia, Germany, and the United States, the lower bound hits the MTS constraint in less than 1% of repetitions, and the upper bound never hits the MTR constraint. For the UK, the lower (upper) bound hit the MTS (MTR) constraints in 19.3% (7.3%) of repetitions. It is challenging to directly compare our nonparametric bounds to previous point estimates due to differences between the data sets, outcome measures, and estimation methods. Nevertheless, we compare our findings with those from studies using the same surveys and mental health measures. For Australia, Green (2011) interacts the unemployment status with self-perceived employability to show its moderating role. His FE estimations yield an (imprecise) zero effect for "hopers" and large mental health loses for "no-hopers" of about a third of the SD. We calculate a 95% CI for this estimate ranging between −0.450 and −0.170 SD, which is of similar magnitude compared to our bias-corrected 95% CIs for Australia [−0.528, −0.052] . For Germany, the non-parametric matching results by Marcus (2013) imply a negative effect of about 0.268 SD that closely correspond to our bias-corrected lower bound (−0.269). Comparing his 95% CI [−0.412, −0.124] with ours [−0.269, −0.046] shows that our bounds are slightly lower and slightly more precisely estimated. We thus exclude effects larger than 0.269 SD, while the lower bound of his CI reaches 41%. For the UK, using FE estimation, Binder and Coad (2015) find that individuals becoming unemployed reduces mental health by 0.33 SD. This point estimate lies in the middle of our 95% CI. However, the study also controls for a number of objective and subjective health measures, which makes it difficult to interpret the results. Despite the differences in methods and data, this discussion shows that our nonparametric bounds are consistent with other studies and that bounds may even yield more precise 95% CIs than conventional approaches.
Next, we examine whether the duration of unemployment matters for mental health and whether this effect changes over time. Several psychological studies emphasise that mental health deteriorates with increasing unemployment duration because the effect accumulates over time, although this relationship is not necessarily linear. In contrast, the adaptation hypothesis (Warr & Jackson, 1987) states that long-term unemployed individuals adapt to lower, but stable, levels of mental health after long spells of unemployment. This adaptation hypothesis potentially contradicts the MTR assumption when directly comparing mental health by unemployment duration, as it suggests that some individuals partly recover from initial mental health problems. To circumvent this issue, we estimate the effects of unemployment for different durations using employment as the reference category. Here, the MTR assumption implies that mental health does not improve by being unemployed for any duration compared to being employed. However, we do not impose any assumptions on how mental health evolves over the course of an unemployment spell. Figure 3 displays the bounds calculated for three different durations of unemployment lasting less than 3 months, 3-12 months, and longer than 1 year. 16 The figure illustrates that even short spells of unemployment have substantial negative causal effects on mental health. For all countries, the upper bounds for durations of less than 3 months are negative. For Germany, the effect is fairly precisely estimated (ranging from −0.144 to −0.065), whereas the bounds for the other countries range from approximately 0.5 SD to just under zero. Longer unemployment spells seem to have more negative effects on mental health in Germany, whereas in the UK, shorter spells seem to have more negative consequences. This finding is intriguing given that long-term unemployment in the UK is considerably lower than in Germany, which exhibits the highest proportion of long-term unemployed persons. Nevertheless, the figures for all countries consistently show that unemployment negatively impacts mental health, regardless of duration.
Finally, we investigate the effects of unemployment on mental health separately for men and women, thereby testing the common conjecture that unemployment has less severe consequences for women than for men (e.g., Paul & Moser, (2009) ). 17 Table 3 shows that in the Australian and German samples, the bounds are very similar for men and women, supporting the Note: The dependent variable is a standardised measure of mental health (see Section 4.2 for details). Results are based on the Australian data only. We use maternal education as the MIV. Imbens and Manski (2004) 95% confidence intervals are reported in parentheses. Percentile 95% confidence intervals are reported in brackets. Bias-corrected bounds and confidence intervals are calculated using 1,000 bootstrap repetitions. MTS, monotone treatment selection; MTR, monotone treatment response; ETS, exogenous treatment selection; MIV, monotone instrumental variable.
conclusion that unemployment has serious adverse mental health consequences regardless of gender. The upper bounds for women in the UK and the United States are not significantly different from zero. However, in a complementary analysis using paternal education as an alternative MIV, we found that three out of four CIs for women in UK and United States exclude zero, thereby supporting significantly negative effects.
Robustness tests
To test the robustness of our main results, we first focus on the dependent variable and test the extent to which the use of a specific measure of mental health might drive our results. As HILDA is the only data set that provides two measures, we investigate an alternative outcome for Australia. In addition to the SF-36, the HILDA collects information on the K6 in 2008, 2010, and 2012. We therefore repeat our calculations using a sample restricted to these three waves and replacing the outcome variable. Table 4 shows the results. For comparison, Panel A reports the baseline findings for Australia from Table 2 .
The nonparametric bounds and their CIs based on the K6 in Panel B are very similar to our baseline results and confirm that unemployment has a significant negative effect on mental health in Australia. Panel C demonstrates that the alternative results are not driven by restricting the sample to three survey years. This sensitivity analysis supports the argument that different mental health measure do not change our main conclusions. 18 We next turn to the MIV. Our main analysis draws on maternal education as an MIV because parental education is typically available in household surveys and allows us to apply a comparable research design across countries. Our MIV is valid if across the educational levels, the children of better-educated mothers do not have worse mean potential outcomes than the children of less-educated mothers. Obviously, as mean potential mental health is not observed in the data, this assumption is not testable. It is therefore crucial that the results remain robust to the use of plausible alternative MIVs.
We start with the most natural and easily available alternative-paternal education. Table 5 shows that only the bounds for the United States are somehow sensitive to this change in the MIV. The most striking difference is that in contrast to Table 2 , the CIs for the United States now do not exclude a zero effect, which suggests that the identifying power of paternal education is weaker. Nevertheless, the bounds remain negative and, thus, qualitatively in line with the main results. For the UK, the upper bound becomes slightly more negative, that is, the weakest possible effect is stronger when using paternal education as MIV. For the remaining countries, the bounds and surrounding CIs remain remarkably stable. Overall, the results in Table 5 support our main conclusion that unemployment has adverse consequences on mental health across these countries. We also investigate individuals' own education as it is closely related to parental education through the intergenerational transmission of human capital. We find that using own education (either grouped into categories for the highest degree or as years of schooling) yields wider bounds, but does not qualitatively change our findings. Figure 4 illustrates the results for Australia. We focus on the Australian sample because another important advantage of the HILDA is that it includes Socio-Economic Indexes for Area (SEIFA). The SEIFA are summary measures that rank geographic areas in terms of their socio-economic characteristics. 19 Local measures of socio-economic status are suitable MIVs because the risk of mental disorders is higher in socio-economically disadvantaged areas (WHO & Calouste Gulbenkian Foundation, 2014) , which is consistent with the MIV assumption. Figure 4 demonstrates that our results are highly robust to using different MIVs. Unfortunately, we cannot perform this robustness check for the other countries as the data lack comparable regional indices. Finally, for all countries, we tested whether the results are robust to a change in the period of analysis and to conditioning on broad age groups. First, we split each sample into periods before and after the 2008 economic crisis. Table 6 shows that both the pre-and post-crisis bounds are significantly negative and largely overlap. Only for UK can we not exclude a zero effect after 2008.
Second, we conduct separate estimations for individuals above or below age 40 years to allow for different patterns of the onset of mental health issues over the life course. 20 Table B .5 shows that our general conclusions do not change as unemployment continues to have a significant causal effect on mental health for both age groups (except in the United States under 40 group). For some groups, particularly in Australia and Germany, conditioning on age helps to tighten the bounds. However, the patterns are mixed, and we do not find systematic differences across age groups. Yet, our basic conclusion remains unaffected.
Comparison with other empirical approaches
In contrast to our analysis, the previous literature imposes stronger assumptions to address the bias of the ETS estimates. The most common approaches include conditioning on various socio-demographic characteristics or assuming that the bias is entirely due to individual time-invariant heterogeneity. For comparison, we apply these conventional approaches to our data. Table 7 provides the point estimates from ordinary least squares (OLS) and FE regressions that condition on the individual's age (and its square), level of education, state of residence, marital status, number of children in the household, and interview month and year. 21 A brief comparison of Tables 2 and 7 reveals only slight differences between the unconditional ETS and conditional OLS point estimates. Differences in observable characteristics between the unemployed and employed are therefore not a major explanation for the observed mental health disadvantages of the unemployed. Adding the individual FE considerably weakens the relationship between unemployment and mental health, but the relationship remains qualitatively large and statistically significant. The estimates are generally consistent with those reported in previous studies using FE and the same surveys for Australia (Green, 2011) , Germany (Clark et al. 2001) , and the UK (Binder & Coad, 2015) .
Comparing our nonparametric bounds around the causal effect from Table 2 to the conventional estimates from Table 7 leads to two main conclusions. First, in most cases, the nonparametric bounds exclude the OLS point estimates, thereby confirming that the OLS regressions generally overestimate the magnitude of the causal effect of unemployment on mental health. Second, the FE estimates lie within the bias corrected bounds for the ATE suggesting that the role of time-varying heterogeneity (if any) is rather limited and that the FE approach might still yield informative estimates of the causal effect.
CONCLUSION
An extensive literature documents that the risk of experiencing mental illness is substantially higher among unemployed individuals than among employed individuals. Identifying the causal effect of unemployment on mental health is however challenging due to the potential bias from unobserved heterogeneity and reverse causality. The previous literature applies different empirical strategies to address the endogeneity of unemployment. While the findings differ across studies, most of the carefully conducted analyses find a negative effect. However, the results from these studies are not directly comparable due to differences between the data sets, samples, institutions settings, and identifying assumptions.
We take a more general approach and contribute comparable evidence on the effect of unemployment on mental health from four large OECD countries: Australia, Germany, the UK, and the United States. These countries differ in various aspects related to labour market institutions and health care systems. To investigate the causal effect absent a common source of exogenous variation, we analyse the effect nonparametrically and compute bounds for the ATE (Manski & Pepper, 2000) . The main advantages of this method are that we do not require exogenous variation in unemployment, that we rely on fairly weak and partially testable assumptions, and that we study the same parameter across countries.
For all four countries, we demonstrate that unemployment impairs mental health. This effect is similar for men and women. Moreover, we show that the negative impact on mental health materialises even with short spells of unemployment. Our results are robust to different identifying assumptions and different measures of mental health.
As unemployment impairs mental health in all four countries with their different welfare regimes, a generous welfare system seemingly does not nullify the effect of unemployment on mental health. Our bounds rule out effects of more than a quarter of a SD for Germany, whereas the bounds allow for effects of up to half a SD for Australia, the UK, and the United States. Therefore, our results suggest that a more pronounced welfare regime-like the German one-might dampen the effect. To further scrutinise the role of the welfare regime for the effect of unemployment on mental health, generating comparable evidence from countries with even higher levels of social protection, such as the Nordic countries, is a promising avenue for future research.
As we bound the ATE, whereas most of the recent studies estimate an ATE on the treated or local ATE, any comparison of the results has to be somewhat tentative. In particular, one could always insist that we focus on a different parameter and that this explains any diverging findings. Nevertheless, our findings stand in contrast to previous studies that do not find significant effects of unemployment on mental health (e.g., Salm, 2009; Schmitz, 2011) . We argue that the null results in the literature come from a lack of power rather than from the absence of an effect.
Our results are important for public policy measures aimed at reducing mental health problems, which have high direct and indirect costs (Collins et al. 2011) . As even short periods of unemployment impair mental health, measures to prevent such problems must be implemented early. To design targeted and cost-effective policies, future research needs to further explore heterogeneities in the causal effect and to identify policies that mitigate the adverse consequences of unemployment.
